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Abstract: Managing dietary sugar intake is a vital component in the nutritional care of
diabetic individuals. However, with the shift toward fast-paced lifestyles and the
consumption of processed and packaged foods, continuous monitoring of sugar intake
has become increasingly difficult. This study proposes an intelligent dietary monitoring
system that leverages image processing and machine learning techniques to estimate
sugar content in food items. The system captures food images via mobile devices,
classifies them using a Convolutional Neural Network (CNN), and estimates sugar content
through a trained regression model connected to a standardized nutritional database.
Experimental results reveal a prediction accuracy of approximately 96%, demonstrating
the model’s reliability. This framework serves as a clinical nutrition tool that supports self-
monitoring and informed dietary decision-making among diabetic patients and aligns with
public health goals of precision nutrition and digital dietary assessment.
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1. Introduction Diabetes mellitus is a chronic metabolic disorder requiring lifelong
nutritional vigilance, particularly concerning sugar intake. According to the International
Diabetes Federation, 537 million adults were living with diabetes in 2021, and the nhumber
is projected to reach 643 million by 2030 [1]. Proper glycemic control is heavily dependent
on dietary monitoring. However, modernization and urban lifestyles have led to increased
consumption of processed foods, often high in hidden sugars. Although food labels
provide sugar information, most individuals find it challenging to consistently interpret and
log this data [2][3]. This creates an urgent need for automated, user-friendly systems that
aid diabetic individuals in monitoring their daily sugar intake.

Advancements in artificial intelligence (Al) and image processing have enabled the
development of mobile-based food recognition systems capable of identifying food items
and estimating their nutritional content in real time [4][5]. Convolutional Neural Networks
(CNNs), in particular, have proven effective for visual recognition tasks and can be used to
classify foods based on images captured through mobile phones [6][7]. This study
presents a comprehensive framework combining CNN-based classification and

2635

o] JFANS

‘ —
l %/ International Journal of
I Food And Nutritional Sciences

Official Publication of International Association of Food
and Nutrition Scientists



IJFANS INTERNATIONAL JOURNAL OF FOOD AND NUTRITIONAL SCIENCES

ISSN PRINT 2319 1775 Online 2320 7876
Research paper ~ © 2012 UFANS. All Rights Reserved, [V[c{efer:\:{ = REST=Ye N (el 0Ts 00 ) W TV R =Y MVZe (V7 Y00 e A K550 e B Lo p )

regression-based estimation to provide real-time sugar content monitoring in support of
diabetic nutrition care.

2. Literature Survey

Several studies have highlighted the growing use of Al in food science and nutritional
tracking. Traditional methods such as food diaries or barcode scanning require manual
effort and suffer from poor user compliance [8][9]. Bossard et al. introduced the Food-101
dataset, which achieved success in food classification using random forests and later
deep learning models [10]. Kawano and Yanai demonstrated that CNNs trained on
restaurant food images could enable real-time recognition in mobile apps [11]. Meyers et
al. introduced Im2Calories, a deep learning tool for predicting food calorie content, though
it lacked specificity for sugar estimation [12].

More recent approaches attempt to bridge this gap by linking food classification outputs to
standardized nutritional databases such as USDA FoodData Central or Indian Food
Composition Tables (IFCT) [13][14]. Despite these advances, sugar—especially in
processed food—remains difficult to estimate due to hidden or ambiguous labelling.
Azzopardi-Muscat et al. observed that users often misunderstand or ignore labels
altogether [15]. Fang et al. demonstrated machine learning-based glycemic response
prediction models, reinforcing the importance of automated, data-driven tools in dietary
management [16]. Other relevant research highlights advancements in mobile health
(mHealth) applications for diabetes monitoring [17][18], improved image segmentation for
food analysis [19][20], the integration of augmented reality in nutrition education [21], and
deep learning for dietary recommendation systems [22][23].

Further contributions explore hybrid deep learning models [24], object detection
techniques for food volume estimation [25], and blockchain for food label integrity [26].
Studies on wearable dietary monitoring systems [27], explainable Al in health informatics
[28], and multi-sensor integration for personalized nutrition [29][30] also support the
development of automated, reliable dietary tools.

Our proposed system addresses these gaps by integrating food recognition with sugar
content estimation tailored for diabetic dietary monitoring, making it relevant to the
evolving landscape of food sciences and clinical nutrition.

3. System Architecture
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Figure 1: Block diagram sugar intake monitoring system

The system architecture consists of five core components: (1) image acquisition, (2) image
classification using CNNs, (3) access to a nutritional database, (4) sugar estimation
through regression, and (5) user output interface. Users capture food images through their
mobile devices. The CNN model, trained on a comprehensive food dataset, classifies the
food item. Based on this classification, the system queries the nutritional database to
obtain average sugar content per standard portion.

Using a regression algorithm, the system then estimates sugar intake for the given
portion—either inferred visually or entered manually. The final sugar estimate is displayed
through the user interface, assisting individuals in making informed dietary decisions. This
real-time pipeline is specifically designed to reduce the cognitive burden of tracking sugar
consumption and improve adherence to diabetic nutritional plans.

4. Results and Discussion The system was tested on a curated dataset of five commonly
consumed food items: white bread, mango juice, cola drink, cookies, and fruit salad.
Actual sugar content was sourced from USDA and IFCT nutritional tables. The model’s
predicted sugar content was compared to these reference values.

The system achieved a mean deviation of less than 1 gram per item and an overall
prediction accuracy of approximately 96%. Predicted values for high-sugar foods such as
mango juice and cola drink closely matched actual values (e.g., 27g predicted vs. 28g
actual for mango juice). These results confirm that the CNN-regression hybrid model
effectively captures sugar estimation logic even in the presence of visual complexity.

This level of accuracy makes the system suitable for real-world dietary monitoring,
particularly in fast-paced environments where reading and interpreting labels is
impractical. The model’s performance shows it can aid both patients and clinical
nutritionists by reducing uncertainty around food choices, especially regarding hidden
sugarin processed foods.
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Figure 2: Comparison of Actual vs Predicted Sugar Content for Common Food Items

The graph illustrates a comparative analysis of actual sugar content versus the predicted
sugar content generated by the proposed image processing and machine learning-based
system for different commonly consumed food items. The selected food items—White
Bread, Mango Juice, Cola Drink, Cookies, and Fruit Salad—are typical examples of
processed or semi-processed foods that are often consumed in modern diets and can
significantly impact sugar levels in diabetic individuals.

The blue bars represent the actual sugar content (in grams) for each food item, obtained
from validated nutritional databases such as USDA and IFCT. The orange bars represent
the sugar values predicted by the developed system using image-based classification and
regression models.

The system demonstrates a high degree of accuracy, with predictions closely aligning with
actual values. For instance, in the case of Mango Juice and Cola Drink, the predicted
sugar values (27g and 34g) are very close to the actual values (28g and 35g), indicating
reliable estimation performance for high-sugar liquids. Similarly, for White Bread and Fruit
Salad, the margin of error is within acceptable limits, with deviations less than 1 gram,
showcasing the model’s effectiveness in handling both processed and natural food items.

This level of precision suggests that the system is robust enough for real-time sugar
monitoring applications. It effectively addresses the challenge faced by diabetic
individuals in estimating hidden sugar—particularly in packaged foods—without requiring
detailed label interpretation or manual entry. The minimal deviation also validates the
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efficiency of the regression algorithm and the adequacy of the training dataset used in the
CNN model for food classification.

Overall, the results confirm that the proposed system can serve as a reliable dietary
assistant, enabling diabetic patients to manage their sugar intake more effectively in a
time-efficient, automated, and user-friendly manner.

5. Conclusion This study presents a robust Al-based system for monitoring sugar intake in
diabetic individuals using image processing and machine learning. The integration of CNN-
based classification with regression-based estimation enables real-time identification of
food items and precise calculation of sugar content. The system demonstrated high
predictive accuracy and user-friendly output, reinforcing its value as a nutritional
monitoring tool.

By automating sugar tracking, the system empowers diabetic individuals to make informed
dietary decisions and adhere to nutritional guidelines with minimal effort. Its adaptability
for mobile health (mHealth) platforms positions it as a scalable solution in the domain of
clinical nutrition, personalized diet planning, and public health. Future work may explore
portion size enhancement using 3D imaging or integrating user-specific glycemic response
models.
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